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Essential genes are considered to be the necessary genes that are required to sustain life of dierent organisms. ese genes encode
proteins which maintain central metabolism, DNA replications, translation of Genes, basic cellular structure and mediate transport
process within and out of the cell. e identication of essential genes is one of the essential problems in computational genomics.
In this present study, in order to discriminate essential genes from the other genes from the non-biologists perspective, the purine
and pyrimidine (Pu-Py) distribution over the essential genes of four exemplary species namely: Homo Sapiens (HS), Arabidopsis
aliana (AT), Drosophila Melanogaster (DM) and DanioRerio (DR) are thoroughly experimented using some quantitative methods.
Moreover, the Indigent classication method has also been deployed for classication on the essential genes of the said species. Based
on Shannon entropy (SE), Fractal dimension (FD), Hurst exponent (HE), purine and pyrimidine (Pu-Py) bases distribution the ten
dierent clusters have been generated for the essential genes of the four species. Some proximity results are also reported herewith
the clusters of the essential genes.
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1 INTRODUCTION
e Central Processing unit of a cell contains the genome. e instructions that describe the genetic functions of the cell
are found in the genome sequences which is the blueprint of the whole body. It determines the important characteristics
like the cellular chemistry, structure, replication and more. Genomes have been encoded information for the functions
oen found in all forms of life, and it is possible that the instructions may be species specic. is is contingent on the
cell cytoplasm for its expression. Gene sequences are within the genome that functions by giving rise to a discrete
product in turn form the basis of heredity, but the functions performed by the genes have been widely reported to be
redundant [1, 2]. Identication of such genes is an eye-catching branch in synthetic molecular biology. Some genes are
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signicant for survival, while others seem to be not necessary. To segregate genes and identify the core sustaining
cellular life factors, essential genes have been presented. A cell would vanish if any of these genes is absent. us,
Essential genes prediction helps to identify minimal set of genes that are required for the indispensable viability of
individual cell types. Recognition and analyzing essential genes helps to understand the origin of life. e processes of
evolution facilitate the determination of last universal common ancestor [LUCA] [3, 4]. us, essential genes are a
group of fundamental genes that required for a specic organism to survive in a specic environment [5]. Many of these
are essential only under certain conditions, for example, if amino acid lysine is supplied to a cell, the gene responsible
for production of lysine is non-essential, but, in the absence of amino acid supply the gene encoding enzyme for lysine
biosynthesis become essential as no protein synthesis is possible without it. In almost every species, the elementary
cell activities are controlled by essential genes. ese core processes tend to be carried out using the same molecular
machinery, in every species let it be a fruit y, roundworm or tropical sh. Infertility is the most common result of lack
of such essential genes.
Such essential genes depend on the environment in which an organism survive. A lot of work has been done for
recognizing of essential genes when all the nutrients are available in the organism [6]. e various experimentation have
been shown that a bacteria requires 250− 300 number of genes which encode proteins to maintain a central metabolism,
replicate DNA, convert genes into proteins, maintain the structure of cell that helps in facilitating transport process into
and out of the cell. Identication of essential genes helps to nd the minimal set of genes that form the basis of life and
it also nds the human disease genes [7] with new drug targets. e genome-wide identication of essential genes is
valuable for rational drug design [8]. Hu et al. [9] and Roemer et al. [10] have identied the drug targets for Aspergillus
fumigatus and Candida albicans respectively based on corresponding essential genes (identied from mouse models).
Necessary proteins in pathogenic organisms are used for new antibiotics [11], thus, the development of antibacterial
drugs is based on the research on these required proteins. ere are three strategies for this purpose, namely: gene
knockout [12] [13], gene knock down [14–16] and transposon muta-genesis [11, 17]. ese strategies are expensive and
time consuming but they are capable for generating the accurate groups of essential genes. e approaches used for the
identication and dierentiation of essential genes are based on experimental and computational methods [18, 19].
Experimental methods are time consuming and expensive while the dierent experimental methods may yield dierent
results [20]. us, computational way of predicting the essential genes is a beer alternative. ese methods are able to
accurately identify the genes, which are then ranked on the basis of how essential they are. is ranking can assist in
other drug discovery experiments focused on testing of the top rank genes. e rst approach to identify essential
genes was given by Mushegian and Kooninin 1996. Till now many methods have been developed which have ultimately
resulted in accumulation of sequence data for the number of organisms and groups of experimentally veried essential
genes for the number of organisms [DEG [6] and CEG [21]. is data aids the research in identifying the essential genes,
the reveal features incorporated with essentially and develop computational methods for the process of identication of
essential genes. is data has been utilized by number of researchers in studying the properties of essential genes. ere
is a relationship between degree in protein-protein interaction networks and essentiality [22–25]. From other studies
the relationship between essentiality and the number of transcription factor binding sites upstream of a gene [26].
e analysis of Flux balance [27] have also been used for the understanding and the identication of essential genes.
is method generates hypotheses regarding which essential genes are essential under certain hypothetical conditions.
Integration of transpose on mutagenesis and sequencing has facilitated many methods for the identication of essential
genes. As not only in bacteria, essential genes in archaea [28] and eukaryotes such as saccharomyces [29], ssion
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yeast schizosaccharomycespombe [30], AT [31], Mus musculus [32] and Homo sapiens [33, 34] are all identied. For
classifying essential gene sequences several features are being considered. Mainly they are categorized into sequence
information (protein length, codon composition etc.) [35, 36], network topology [37–40], physicochemical property
(e.g., molecular weight and number of moles in amino acids) [41] and many other classes.
In brief, the contributions of this work are summarized as follows:
(1) Formulation of encoding scheme of protein sequences of four dierent species:- In this research an encoding
method has been introduced to decode the paerns of the DNA sequences of HS, AT, DM and DR species
based on Pu and Py bases distributions. ere are nitrogenous bases that make up the two dierent kinds of
nucleotide bases in DNA and RNA. e two-carbon nitrogen ring bases (adenine (A) and guanine (G)) are Pu,
while the one-carbon nitrogen ring bases (thymine (T) and cytosine (C)) are Py.
(2) FD from Indicator Matrix:- Organization of essential genes into clusters that gives some sense of indispensability
based on FD which has been explored. We investigate genes bases for the protein sequences of HS, AT, DM
and DR through FD from the Indicator Matrix.
(3) HE as Auto-correlation Parameter:-e resonance of essential genes over the protein sequences using quantitative
parameter HE is determined and found many of protein sequences have identical auto-correlation even if the
nucleotides are dierent. ey are basically compared on the basis of their distribution.
(4) SE and SE with dierent code words (SED) size:- ese two parameters are employed among all DNA to explore
the closeness of the organization of four species. Considering dierent paerns of frequency distribution for
all proteins of four species are determined. Analyses on dierent quantitative parameters, an analogy over the
set of DNA sequences have been reported.
e rest of this paper is organized as follows. In Section 2, denition of dierent fundamental parameters and our
methods have been discussed with the appropriate description. e experimental results and discussions have been
demonstrated with the eectiveness of our method in Section 3. Section 4 concludes this paper with emphasizing the
key factors of the entire analysis.
2 PROPOSED METHODS
In this section, four dierent quantitative parameters have been dened to characterize the essential gene sequences of
dierent species. Based on quantitative parameters (SE, FD, HE, and Pu-Py bases distribution) ten dierent clusters have
be generated for the four species. Here k-means [42] clustering algorithm has been employed to obtain ten clusters for
each species respect to each quantitative parameters. Some proximity results have been observed among the clusters of
all the four species reported in Section 3. For convenience, some of the nomenclatures used in the proposed method,
have been shown in Table1.
2.1 FD from Indicator Matrices.
Let D = {A,T ,C,G} be the set of nite alphabet nucleotides and S(l) be a DNA sequences with the repetition of four
characters from D of length l . Here, we convert each DNA sequences into indicator matrices [43, 44]. In literature [45]
there are several methods to nd out the self organising structure of DNA sequences through indicator matrix dened
in Equation 2. en the indication function for each sequence is dened in Equation 1:
F : S(l) × S(l) → {0, 1},and S(l) = {0, 1} (1)
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Naming Convention of Homo Sapiens [hs1 − hs2051]
Naming Convention of Arabidopsis aliana [at1 − at356]
Naming Convention of Drosophila Melanogaster [dm1 − dm339]
Naming Convention of Danio Rerio [dr1 − dr315]
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such that the indicator matrix:
ϑhk = ϑ (ph,qk ) =

1, i f ph = pk
0, i f ph , pk
whereph,pk ∈ S(l) (2)
Here ϑhk is a matrix with the distribution of 0 and 1. A binary image can be obtained from the matrix through which
we can visualise correlation between Pu and Py and auto-correlation for the same sequence. It can be well understood
by assigning a black dot to 1 and a white dot to 0. From the indicator matrix we can visualise the fractal like distribution
of 0′s and 1′s (Pu and Py). e FD from the indicator matrix can be calculated as the average number of σ (p) of 1,
which can be taken from P × P indicator matrix with p × p randomly. Using σ (p), the FD is dened in Equation 3






2.2 HE of Binary Sequences.
e HE is used for time series analysis to interpret the autocorrelation. e value of HE is in between 0 to 1. e HE
value 0 < HE < 0.5 and 0.5 < HE < 1 designates negative and positive auto-correlation of a time series respectively
and 0.5 denotes a absolute randomness of a time series which indicates the equally likely value from a particular value
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2.3 SE of protein sequences
Proteins are made of various combination of amino acids with its length ranging from 30 to 3000 . Some regions of DNA
sequences likeTTTTTTTTTTTC andGGGGGGCCCCCC can code one or dierent amino acids or encode proteins with
duplicate amino acids considered as Homopolymeric regions. erefore, we assume that these positions are less likely
to encode functional proteins. As sequence data are represented as a system where DNA is transformed into amino
acids, which can be used to calculate the amount of information or the uncertainty of a sequence. e uncertainty
measurement of a sequence with respect to base pair is from 0 to 2n where n is the length of a word. e distribution of
each word is depending of the uncertainty. For example, a sequence TTTTTT has less information as it can be read as
three leer word of “TT”. In this contrast a sequence ATCG can be read as AT , TC and CG contains more information
and uncertainty. e SE measures information-entropy with probability p of the two outcomes (0/1) [46–48]. e SE




pi log2(pi ) (5)
e SE is used to calculate the uncertainty in a binary string. When the probability p = 0, the event is certain never
to occur which leads that there is no uncertainty, leading to an entropy of 0. Similarly, if the probability p = 1, the
result is certain, so the entropy must be 0. When P = 1/2, the uncertainty is at a maximum and consequently the SE is




w j log2(wi ) (6)
Where wi is the frequency of ith word in a sequence. For example, for word length one wi is calculated from the
frequencies of the Pu or Py 0, 1. Similarly, for word length two wi is calculated from the frequencies of the two-time
repetition of Pu or Py 00, 11 and so on. Here k is the number of words obtained by considering the maximum length of
both Pu and Py.
3 EXPERIMENTAL RESULTS AND DISCUSSION
3.1 Database used and Specification
In this work we have employed Database of Essential Genes (DEG) [www.essentialgenes.org] dataset for experimental
results and discussion purpose. is dataset contains 2051 essential genes of HS, 356 essential genes of AT, 339 essential
genes of DM and 315 essential genes of DR respectively. e essential genes of HS are encoded from hs1 to hs2051, the
essential genes of AT are encoded from at1 to at356, the essential genes of DM are encoded from dm1 to dm339 and the
essential genes of DM are encoded from dr1 to dr315. We have transformed each DNA sequence to a binary sequence of
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0′s and 1′s which is dened in equation 7. Here Pu and Py nucleotide bases are represented as ”1” and ”0” respectively.
We then try to nd clusters of the corresponding related resonating nucleotide. us, the protein sequences are encoded
into binary sequencing of 0′s and 1′s as per the convention given below. Here we consider four data sets of resulting
sequences for four species HS, AT, DM and DR.
A/G → 0
T /C → 1 (7)
Equation(7) represents Pu and Py nucleotide bases which are encoded as 1 and 0respectively into the transformed
binary sequence of essential genes for the four employed species (HS, AT, DM and DR).
3.2 Results and discussion
In this section, results and discussions have been carried out based on dierent features (FD,HE, SE, SED) for the four
employed species and these are as follow:
3.2.1 Analysis of essential genes based on FD from Indicator Matrix. Here from each essential gene sequences of HS,
AT, DM and DR, the FD quantitative parameter has been calculated. Based on this quantitative parameter, the dataset
has been classied in 10 dierent clusters as shown in Table 2. e FD of essential gene from HS, AT, DM and DR are
also ploed in Fig 1. From this Table 2 and Fig. 1, it is observed that the values of FD on genes for HS lie in the interval
of [0.72 − 1.88] while the largest cluster center at 1.497 contains 642 DNA sequences. For AT, the FD lies in the interval
of [0.4 − 1.6] and its largest cluster center at 1.199 contains 63 DNA sequences. Similarly the FD for DM lies in range of
[1.27 − 1.66] and the largest cluster center at 1.486 contains 91 essential gene DNA sequences. e FD of DR lies in
[0.6− 1.76] range and the largest cluster of DR (center at 1.245) contains 72 essential genes DNA sequences. From these
observation it is derived that FD of AT and DM remain in between [0.70 − 1.9] range of HS and the largest FD cluster
center of essential gene sequences of HS, DM are approximately same at 1.48 that reect they are evolutionary close.
Moreover, the largest cluster center of essential genes for other species are not interrelated and it is derived that
there is no evolutionary relationship among them. It is also observed that the maximum number of DNA sequences
fall in the range [1.36 − 1.49] of the FD cluster centers in case of HS. Hence there are 27, 32, 29 and 4 number of DNA
sequences at largest cluster center for HS, AT, DM and DR respectively as shown in Table 2.
Table 2. FD of Indicator Matrix for four Species
Cluster HS AT DM DR
No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center
1 34 0.727 2 0.454 22 1.274 9 0.612
2 47 0.856 8 0.578 25 1.316 10 0.739
3 33 0.984 18 0.702 12 1.359 22 0.865
4 112 1.112 24 0.827 21 1.401 51 0.992
5 246 1.240 57 0.951 36 1.444 55 1.118
6 641 1.369 58 1.075 91 1.486 59 1.245
7 642 1.497 63 1.199 23 1.529 52 1.372
8 237 1.625 55 1.323 31 1.571 37 1.498
9 32 1.753 39 1.448 49 1.614 16 1.625
10 27 1.881 32 1.572 29 1.656 4 1.751
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Fig. 1. Histogram of FD of Essential Genes of HS, AT, DM and DR.
3.2.2 Analysis of essential genes based on HE. Here the performance is obtained for HE applied on each essential
gene sequence of HS, AT, DM and DR and the dataset of each species has been classied into 10 cluster centers as
shown in Table 3. Moreover, the HE of essential genes of HS, AT, DM and DR are also ploed in Fig 2. From Table 3
and Fig. 2 it is observed that HE applied on genes of HS, lie in the range of [0.517 − 0.719] the largest cluster center at
0.608 contains 477 essential gene DNA sequences whereas the HE for AT lie in [0.519 − 0.785] range with the largest
cluster center at 0.667 containing 77 number of gene sequences. Similarly, for DM spices the HE lies is in the range of
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[0.485 − 0.710] and largest cluster center at 0.585 contains 75 essential gene sequences. e HE for DR lie in the range
[0.531 − 0.773] and the largest cluster center at 0.612 contains 67 DNA sequences. Hence the maximum number of
DNA sequences for HS, AT , DM and DR at 0.790, 0.785, 0710 and 0.773 cluster center are 7, 1, 7, 2 respectively for HE
values as shown in Table 3. Considering the HE values for each cluster for all four species HS, AT, DM and DR have
been found closely related as per Table 3.
Table 3. HE for four Species
Cluster HS AT DM DR
No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center
1 18 0.517 6 0.519 2 0.485 4 0.531
2 99 0.547 12 0.549 7 0.510 13 0.558
3 291 0.577 34 0.578 19 0.535 33 0.585
4 477 0.608 69 0.608 36 0.560 67 0.612
5 460 0.638 76 0.637 75 0.585 46 0.639
6 385 0.668 77 0.667 71 0.610 51 0.666
7 191 0.699 46 0.696 64 0.635 51 0.693
8 91 0.729 23 0.726 38 0.660 31 0.719
9 32 0.759 12 0.755 20 0.685 17 0.746
10 7 0.790 1 0.785 7 0.710 2 0.773
3.2.3 Analysis of essential genes based on SE. Considering each essential gene sequence of HS, AT, DM and DR, the
SE is determined on the dataset to nd 10 cluster centers for each species (Table 4). e SE for essential genes of HS,
AT, DM and DR are ploed as shown in Fig 3. Here from table and gure it is observed that SE for genes of HS lie
in the interval [0.790, 0.988] and the largest cluster center at 0.988 contains 1822 DNA sequences, the SE of AT lie in
[0.936, 0.996] range and the largest cluster center at 0.996, contains 257 DNA sequences. Similarly, the SE of DM lie
in the range [0.95, 0.997] and largest cluster center at 0.997 contains 271 essential gene sequences. e SE of DR lie
in range [0.951, 0.997] and the largest cluster center at 0.997 contains 198 DNA sequences. Here for SE there are no
essential gene sequences found for HS in the range [0.791, 0.877], for AT in [0.937, 0.955] range, for DM in [0.951, 0.975]
range and for DR in [0.952, 0.960] range. On the intersection of these ranges, it is derived that there are no essential
gene sequences in [0.952, 0.955] for AT, DM and DR, the largest cluster centers for SE are equal in the case of DM and
DR.
3.2.4 Analysis of essential genes based on modified SE (SED). Here the dynamic code words have been computed
using the SE applied on each essential gene sequences of HS, AT, DM and DR respectively and based on it 10 dierent
cluster centers have been computed from each spices. is dynamic code words based on SE is the modied version of
SE. e performance evaluation for this experimentation has been shown in Table 5 and the results are ploed in Fig 4.
From the Table 5, it has been observed that modied SE of HS genes lie in the interval [0.98 − 1.56] and the largest
cluster center at 1.243 contains 527 DNA sequences whereas for AT, it lie in [1.03 − 1.53] range and the largest cluster
center at 1.312 contains 90 DNA sequences. Similarly the modied SE of DM lie in the range [1.04 − 1.50] and largest
cluster center at 1.297, contains 84 essential gene sequences while for DR the range is [1.05 − 1.61] and the largest
cluster center for DR at 1.363 contains 82 essential genes sequences. It has been also observed that FD for AT and DM
lie in the modied SE interval [0.98 − 1.56] of HS. e largest FD cluster center on the essential gene sequences for
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Fig. 2. Histogram of HE of Essential Genes of HS, AT, DM and DR.
AT and DM are approximately same at 1.40 and it reects that both are evolutionary close while in case of HS the
maximum number of DNA sequences fall in the range [1.11 − 1.43] clusters where FD lies in. e number of DNA
sequences for HS, AT, DM and DR at the largest cluster center, are 13, 4, 4 and 6 members respectively.
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Table 4. SE for four Species
Cluster HS AT DM DR
No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center
1 1 0.790 1 0.936 1 0.950 2 0.951
2 0 0.812 0 0.943 0 0.955 0 0.956
3 0 0.834 0 0.950 0 0.960 1 0.961
4 0 0.856 4 0.956 0 0.965 4 0.966
5 1 0.878 3 0.963 0 0.971 1 0.971
6 3 0.907 6 0.970 5 0.976 7 0.977
7 8 0.922 14 0.976 9 0.981 17 0.982
8 41 0.944 19 0.983 11 0.986 35 0.987
9 175 0.966 52 0.990 42 0.992 50 0.992
10 1822 0.988 257 0.996 271 0.997 198 0.997
Table 5. The modified SE for four species.
Cluster HS AT DM DR
No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center
1 8 0.988 1 1.035 5 1.043 1 1.053
2 39 1.052 3 1.092 9 1.094 3 1.115
3 109 1.115 13 1.467 20 1.449 11 1.177
4 251 1.179 46 1.202 40 1.195 36 1.239
5 527 1.243 79 1.258 58 1.246 62 1.302
6 478 1.306 90 1.312 84 1.297 82 1.363
7 403 1.370 65 1.368 57 1.348 61 1.425
8 181 1.433 44 1.423 44 1.399 35 1.487
9 42 1.497 11 1.478 18 1.450 18 1.549
10 13 1.561 4 1.534 4 1.501 6 1.611
3.2.5 Analysis of essential genes based on Pu-Py base density. From the percentage of purine and pyrimidine present
in each essential gene sequence for the four species under this consideration, it is clearly visible that the distribution of
the bases over each gene sequence is nearly the same. It ranges from [40 : 60 − 75 : 25] for each sequences. Accordingly
the sequences have been categorized into ten clusters as shown in Table 6. e Purine density of HS, AT, DM and DR
has been ploed in Fig.5. Accordingly, the purine density of HS lie in the range [0.42 − 0.75] and the largest cluster
center at 0.530, contains 847 gene sequences and that of AT lie in range [0.36 − 0.61] with its largest cluster centered at
0.529 containing 130 essential gene sequences. Similarly in case of DM the largest cluster is centered at 0.532 having
117 gene sequences and for DR the density lie in the range of [0.47 − 0.64] with largest cluster center at 0.538 having 69
gene sequences. is is quite observable that all the species have their largest cluster centers at around 0.530 indicates
the percentage of purine is nearly same as that of pyrimidine and the range of HS purine density covers all of the other
species. e number of sequences for all the four species present in the 10th cluster as well as in the rst cluster is too
less such as for HS it is 1, for AT, it is 11, for DM it is 1 and for DR, it is 3 (as shown in Table 6). Considering these it is
inferred that density of bases is nearly same for all the four species essential gene sequences (Fig. 5).
3.2.6 Analysis of essential genes based on the distribution of Pu-Py bases. e distribution of purine and pyrimidine
is not even in all species. In some of the sequences, Pu are dominant whereas in some sequences Py are dominant.
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Fig. 3. Histogram of SE of Essential Genes of HS, AT, DM and DR.
roughout the analysis of the distribution of bases, it is found that the clusters are normally distributed over the
space. Considering the FD of the dierent gene sequences, it is inferred that the distribution of bases in the maximum
gene sequence, is evenly distributed. It is also clearly visible from Table 2 that there are 27 essential genes of HS in
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Fig. 4. Histogram of Modified SE of Essential Genes of HS, AT, DM and DR.
Fig. 6 having maximum FD. Similarly, there are 32 essential genes of AT, 29 of DM, 4 gene sequences of DR with
maximum FD. Similar reection are found for other clusters also. e ratio of Pu to Py is found to be in the range
of [30 : 70 − 70 : 30], but in maximum sequences the ratio is found to be in the range of [45 : 55 − 55 : 45]. On this
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Table 6. Performance based on Purine Density
Cluster HS AT DM DR
No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center No. of Se-
quences
Center
1 9 0.420 1 0.363 5 0.458 8 0.470
2 50 0.457 2 0.391 14 0.477 21 0.487
3 372 0.494 1 0.419 37 0.495 47 0.504
4 847 0.530 8 0.446 99 0.514 65 0.521
5 531 0.567 29 0.474 117 0.532 69 0.538
6 188 0.604 78 0.501 38 0.551 50 0.555
7 49 0.641 130 0.529 18 0.569 36 0.572
8 3 0.677 70 0.557 10 0.588 12 0.589
9 1 0714 26 0.584 0 0.606 4 0.607
10 1 0.751 11 0.612 1 0.625 3 0.624
consideration of each cluster for all four species, it is inferred that at 9th cluster in Table 2 the DR and DM have nearly
same FD value which has been shown in Fig 7.
From Table 3, it is observed that there are the sequences of HS and AT have nearly equal HE value when considering
any cluster. DR spices have some sequences which have HE nearly equal to HS and AT in their respective clusters.
From Table 3 it is observed that for HS there are 7 sequences at HE value (0.790), 2 for AT (0.785), 2 for DR (0.773)
which have nearly same HE value as shown in Fig 8. ere is no such sequences which has uncorrelated in the Pu and
Py spatial ordering. ese results derive that there is no randomness in the distribution of bases in the genes sequences
for the four species. In some cases, the percentage of Pu is nearly around 40%, for the Py is 60% and for other cases it is
vice-versa. Similarly, considering at 5th and 1st cluster this observation is veried from Fig.9 and Fig.10.
Analyzing the distribution of bases using SE it is observed that number of gene sequences having maximum SE are
most in number for all the four species. e gene sequences having maximum SE are 1822 in case of HS, 257 in case of
AT, 271 for DM and 198 for DR (see Table 4). As on contrary the number of sequences having minimum SE are also
very less in number for all the four species and they are 1 for HS, AT, DM and 2 for DR (Table 4). e Pu-Py density for
sequences having minimum SE is around 35 : 65 for DR, DM and AT whereas it is around 76 : 24 for HS. e SE value
for HS is around 0.77 whereas it is around 0.94 for other three species as shown in Table 7. For all the four species, no
sequence is found in second cluster respectively. ese points indicate that the probability of nding the bases with one
type either Pu or Py is very less. But there is randomness in the distribution of the bases over the sequences.
Table 7. SE of Essential Genes of HS, AT,Drosophila Melanogaster and DR having minimum SE with their Pu and Py percentage
Name of gene Sequences SE Pu Density Py Density
hs1461 0.779 0.769 0.231
at35 0.948 0.35 0.65
dr149 0.951 0.63 0.37
dr177 0.949 0.632 0.368
dm147 0.948 0.634 0.366
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Fig. 5. Histogram of Purine Density of Essential Genes of HS, AT, DM and DR
Considering the value of SE for each cluster it is observed that DM and DR are closely related and AT is nearly
related to these species. Considering cluster at 1st , 5th and 10th in Table 4, the results for SE and the corresponding Pu
and Py densities have been shown in Table 9 and in Fig. 11.
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Fig. 6. Line Plot for FD of Essential Genes of HS, AT, DM and DR having maximum FD with their Pu and Py percentage
Fig. 7. Line Plot for FD of Essential Genes of DM and DR belonging to 9th cluster with their Pu and Py percentage
Hence it is found that at 10th cluster that is having maximum SE, contains 213 essential gene sequences for all
four species that have SE value equal to 1 indicating that they have nearly equal Pu and Py density. Out of these 213
sequences, DM have 76 gene sequences with SE value 1, DR has 64, AT has 70 and for HS 3 gene sequences are there.
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Fig. 8. Line Plot for HE of Essential Genes of HS, AT and DR belonging to cluster 10 with Pu and Py percentage
Fig. 9. Line Plot for HE of Essential Genes of HS, AT and DR of cluster 10th having maximum FD with their Pu and Py percentage
By analyzing the distribution of bases using modied SE, it is observed that the number of gene sequences having
maximum SE are very few in number for all the four species. e gene sequences having maximum SE are 13 in case of
HS, 4 in case of AT, 4 for DM and 6 for DR as shown in Table 5. Similarly the number of sequences having minimum SE
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Fig. 10. Box Plot for HE of Essential Genes of HS, AT, and DR belonging to 5th cluster with their Pu and Py percentage
Fig. 11. Box Plot for SE of Essential Genes of AT, DM and DR belonging to 10th cluster with their Pu and Py percentage
are also very less in number for all four species and they are 8 for HS, 1 for AT, 5 for DM and 1 for DR. Considering
each Cluster for four species, it is found that on basis of dynamic code words for SE, AT and DM are closely related
whereas DR is nearly related respect to these two species. Considering at 1st , 5th and 10th cluster, the SE value and
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Table 8. SE of Essential Genes of AT,DM and DR having minimum SE with their Pu and Py percentage
Name of gene sequence SE Pu Density Py Density
at35 0.948 0.35 0.65
dr149 0.951 0.63 0.37
dr177 0.949 0.632 0.368
dm147 0.948 0.634 0.366
the corresponding Pu and Py density is illustrated in corresponding Table 10 and in Fig 12 and 13. It is found that the
clusters having maximum number of sequences have also changed on the changing of criteria for SE. On the basis of
dynamic code words, the clusters have been shied from 10th to 5th for HS, 6th for DM, DR and AT.
Fig. 12. Line Plot for SE of Essential Genes of AT, DM and DR belonging to 5th cluster with their Pu and Py percentage
Table 9. SE of Essential Genes of AT ,Drosophila Melanogaster and DR belonging to 5th Cluster with their Pu and Py percentage
Name of gene sequence SE Pu Density Py Density
at166 0.965 0.61 0.39
at317 0.961 0.615 0.385
at330 0.964 0.611 0.389
dr247 0.974 0.595 0.405
Here out of 2051 gene sequences for HS, three sequence have equal density as shown in Table 11. Similarly for AT
only one out of 356, in case of DM, there are 4 gene sequences and for DR it is only one as shown in Table 11. In case of
HS less than 20 sequences are having Pu density less than 50%. Similarly for all other species the same fashion has been
Manuscript submied to ACM
Intelligent Classication and Analysis of Essential Genes using antitative Methods* 19
Fig. 13. Line Plot for SE with dynamic code word of Essential Genes of AT, DM and DR belonging to 10th cluster with their Pu and
Py percentage
Table 10. SE on basis of dynamic code words of Essential Genes of AT, DM and DR belonging to 1st Cluster with their Pu and Py
percentage
Name of gene sequence SE Pu Density Py Density
at53 1.008 0.47 0.53
dr243 1.023 0.53 0.47
dm24 1.032 0.498 0.502
dm54 1.017 0.521 0.479
dm91 1.043 0.5 0.5
dm153 1.044 0.504 0.496
dm186 1.065 0.515 0.485
observed. In case of Pu dominant species have also less in number respect to four species. ese all indicate that both
bases are equally required for the survival of the species.
Finally, the evolutionary closeness among the species utilizing ve parameters are shown in Table 12.
4 CONCLUSIONS
One of the most important and typical constituents of genes are purine and pyrimidine. An aempt has been made
to analyze the distribution of the purine and pyrimidine distributions over the essential genes of the four dierent
species and consequently a quantitative classications and correlations have been fetched out. Based on the quantitative
investigations made, some important observations have been reported. is study steps ahead of nding the evolutionary
closeness among inter and intra families of dierent clusters of essential genes. In near future, other available essential
genes can be studied and strengthen the observation reported here.
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Table 11. Essential Genes of HS, AT, Drosophila Melanogaster and DR having equal Pu and Py percentage
Name of gene sequence No. of Pu Base Pu Density No. of Py Base Py Density
at69 534 0.5 534 0.5
dm3 240 0.5 240 0.5
dm27 606 0.5 606 0.5
dm92 192 0.5 192 0.5
dm67 720 0.5 720 0.5
dr37 1186 0.5 1186 0.5
hs1823 387 0.5 387 0.5
hs1740 1629 0.5 1629 0.5
hs1671 108 0.5 108 0.5
Table 12. Closeness of species based on the each parameters
Parameter Species Name
FD {HS}, {AT }, {DM}, {DR}
HE {HS, {AT ,DR}}
SE {{DM,DR},AT }
SED {{AT ,DM},DR}
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